Principal component analysis (PCA) has been used extensively in the field of nutritional epidemiology to derive patterns that summarize food and nutrient intake, but interpreting it can be difficult. The authors propose the use of a new statistical technique, the treelet transform (TT), as an alternative to PCA. TT combines the quantitative pattern extraction capabilities of PCA with the interpretational advantages of cluster analysis and produces patterns involving only naturally grouped subsets of the original variables. The authors compared patterns derived using TT with those derived using PCA in a study of dietary patterns and risk of myocardial infarction among 26,155 male participants in a prospective Danish cohort. Over a median of 11.9 years of follow-up, 1,523 incident cases of myocardial infarction were ascertained. The 7 patterns derived with TT described almost as much variation as the first 7 patterns derived with PCA, for which interpretation was less clear. When the authors used multivariate Cox regression models to estimate relative risk of myocardial infarction, the significant risk factors were comparable whether the model was based on PCA or TT factors. The present study shows that TT may be a useful alternative to PCA in epidemiologic studies, leading to patterns that possess comparable explanatory power and are simple to interpret.
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In epidemiologic studies involving many variables with complex interrelations, analysis of each variable in an independent fashion provides an incomplete picture. The standard example is studies of dietary intake, in which foods are consumed in combination, and therefore analysis on a perfood basis can be misleading (1) . Alternative approaches to analysis include prior construction of scores with a biologic rationale (2, 3) and an exploratory approach in which statistical dimension-reduction methods are used on the data at hand to extract the essential information in the original variables (4) . Principal component analysis (PCA) is by far the most popular dimension-reduction method in studies of dietary patterns (5, 6) . PCA works by compressing data into weighted averages of a small number of latent patterns, called components or factors, obtained by analyzing the covariance or correlation matrix of the original variables. PCA can be efficient in producing factors that are associated with the risk of disease (7) (8) (9) . However, because each factor involves all of the original variables, qualitative interpretation of PCA results is challenging and might require detailed prior knowledge about plausible groupings among variables, along with considerable subjective judgment about which variables dominate a factor. When knowledge about plausible groupings is lacking, interpretation of factors becomes particularly difficult. Cluster analysis would seem a useful tool for discovering hidden groupings among variables in such cases, but it does not offer generic techniques for constructing numeric summary variables. Indeed, applications of cluster analysis to studies of dietary patterns have used clustering among individuals rather than among variables (6), addressing a somewhat different question than does PCA (10) . A dimension-reduction method that enables simple construction of numeric summary variables and offers more easily interpretable factors is desired.
The treelet transform (TT) is a dimension-reduction method developed by Lee et al. (11) that combines the strengths of PCA and cluster analysis. TT works on a covariance or correlation matrix to produce a collection of factors in the same manner as PCA. However, in contrast to PCA, each TT factor involves a smaller number of naturally grouped variables, with no remaining variable contributing to the factor. Additionally, TT improves interpretation by producing a hierarchical grouping structure among variables, visualizable as a cluster tree.
The aim of the present study was to illustrate the use of TT as an exploratory technique in an epidemiologic context. Using data from a large Danish prospective cohort study, we compared PCA and TT as exploratory methods in a study of dietary patterns and the risk of myocardial infarction (MI) among middle-aged men. Associations between empirically derived dietary patterns and cardiovascular disease have been investigated extensively in the literature (12) , making this an ideal application for critically evaluating a new exploratory technique.
MATERIALS AND METHODS

Study population
The study population included participants in the Danish cohort study Diet, Cancer and Health (13) . This prospective cohort study was initiated in 1993-1997 and included 57,053 Danish-born residents aged 50-64 years who were free of cancer at the time of registration. Analysis of the entire cohort would require stratification by sex throughout and is beyond the illustrative scope of this article. Because of a greater incidence of MI (with correspondingly more stable association estimates), analysis was restricted to men only (n ¼ 27,178). At enrollment, participants underwent a clinical examination and completed a lifestyle survey. The latter included a self-administered 192-item food frequency questionnaire, details of which have been described elsewhere (14, 15) . Briefly, participants were asked to report their average intake of different food and beverage items over the past 12 months within 12 categories, ranging from never to more than 8 times per day. Daily intakes of specific foods were calculated for each participant using the software program Food Calc (16) , with specially developed standardized recipes and portion sizes (17) . For the present study, the 192 foods included in the food frequency questionnaire were aggregated into 42 groups.
Exclusions and follow-up
Participants with incomplete questionnaires were excluded (n ¼ 59), as were participants with a cancer diagnosis that was not, at the time of invitation, registered in the Danish Cancer Registry because of a processing delay (n ¼ 233). Participants registered with a prior diagnosis of MI or cardiac arrest were also excluded (n ¼ 731 (22) were included as cases.
Statistical methods
PCA and TT are so-called linear dimension-reduction methods that work on a covariance or correlation matrix to produce sample-wide orthogonal vectors (factors) across variables such that the original multidimensional data can be approximated as weighted averages of factors within individuals. The factors are pragmatically conceptualized as latent variables, revealing the ''intrinsic structure'' of data. The numeric size of a variable within a factor is called the variable loading. Often, variables are standardized before analysis, whereby a negative loading corresponds to a smaller-than-average value of the variable; a zero loading corresponds to an average value; and a positive loading corresponds to a larger-than-average value. The individual-level weights associated with each factor are called the factor scores, the variances of which are referred to as the factor variances.
PCA is mathematically optimal in the sense that no other linear dimension-reduction method can capture as much variance as PCA when using the same number of factors for approximating the original data. All factors involve all of the original variables; that is, all loadings are nonzero. In contrast, TT balances the ability to explain variation with factor simplicity. This is accomplished by introducing sparsity in factor loadings, that is, making many loadings exactly zero. Informally, TT can be viewed as an amalgamation of PCA and hierarchical clustering methods. The output of TT applied to a collection of interrelated variables consists of 2 parts:
1. A cluster tree in which branches indicate related groups of variables, and 2. a level-specific collection of orthogonal factors in which nonzero loadings reflect the grouping structure conveyed by the cluster tree at that particular tree level.
Technically, TT works by way of local PCA. Starting with all of the original variables, the algorithm locates the 2 variables with the largest correlation and performs PCA on them. A merge is indicated in the cluster tree, and the 2 variables are replaced with a sum factor representing their maximal-variance weighted average, as well as an orthogonal residual factor. This scheme is repeated until all variables have joined the cluster tree. By keeping records of factors found at previous levels in the cluster tree, one can use this method to construct a coordinate system for the data that is specific to each level of the cluster tree. It comprises the sum factor at that level, residual factors for tree nodes at or below that level, and single-variable factors for variables that have not joined the cluster tree yet. This is known as a multiresolution decomposition: At each level of the cluster tree, the most recent sum factor encodes low-resolution information about the variables included so far, whereas residual factors encode information at an increasingly greater resolution. Consequently, the factors produced by TT convey information about both global and local relations among variables. Unlike PCA, TT does not automatically provide highvariance factors. To find such factors, Lee et al. (11) suggested that researchers first cut the cluster tree at a given level and then extract factors at this level based on their variances. The cut-level influences the sparsity of factors. When the cluster tree is cut near its root, more variation can be explained at the cost of factor sparsity. However, the increase in explained variation may be modest compared with the increase in factor complexity for a range of levels close to the root. When the number of retained factors is a fixed number, say k, the cut-level can be chosen in an informed manner by 10-fold cross-validation as follows (11) . First, the data are split randomly into 10 roughly equally sized subsets. Second, for each cut-level and using data from 9 out of 10 subsets, the k highest-variance factors are calculated, and the sum of variances of scores based on these factors are calculated using the omitted subset. This is repeated 10 times, each time leaving out a different subset. Third, the cross-validation score at a particular cut-level is calculated by averaging the resulting 10 sums of variances. Fourth, an optimal cut-level is found by locating a ''knee'' on the graph of cross-validation scores against cut-level, that is, a point where increasing the cut-level does not substantially increase the cross-validation score.
We applied PCA and TT to the covariance matrix of standardized dietary intake data (that is, the correlation matrix) to prevent undue influences of food groups with large variances. Preliminary transformations of data towards normality were investigated but deemed unnecessary. Factor variances were used to guide the decision on how many factors to retain for further analysis. In contrast to PCA, TT scores have nonzero correlation across factors, so we used the method of Gervini and Rousson (23) to assess factor variances. The cut-level for TT was selected using cross-validation as described above, along with the following heuristic: Retain scores within 5% of the crossvalidation score for the maximal cut-level and locate a knee as the point of maximum curvature on the graph of these scores. To further assess the sensitivity to the choice of cutlevel, we repeated TT analyses at 63 levels of the optimal level. PCA factors are commonly rotated to simplify interpretation, but selecting a suitable rotation can be difficult (24) . To assess objectively the extent to which factor rotation might improve interpretation of PCA, we used Procrustes rotation (25) to calculate the orthogonal rotation that brought the retained PCA factors closest to their TT counterparts.
The stability of TT factors was investigated by using subsampling. We first calculated the sign pattern among loadings for each of the k retained factors, so that, for example, a factor with loadings (1, -0.5, 0, 1, 1) corresponded to the sign pattern (þ, -, 0, þ, þ). We then performed TT on a random sample of 80% of the original data and determined sign patterns among the k new highest-variance factors. This procedure was repeated 500 times. The frequencies of each of the original k sign patterns among the 500 groups of subsampled sign patterns were used as measures of stability. Stability of PCA factors was assessed using a split-sample technique in the spirit of Lau et al. (26) . In each of 2 random split samples, PCA factor scores were obtained, and additional scores were calculated based on PCA factors from the other split sample. For each factor, the average absolute correlation between the resulting 2 sets of scores was used as a stability measure. The results were further averaged over 100 independent repetitions to reduce sampling error. Figure 1 provides a schematic view of our proposed strategy for applying TT.
To investigate the association between factors and risk of MI, we divided factor scores into population quintiles and used Cox proportional hazards regression with age as the time axis and delayed entry to calculate hazard ratios and 95% confidence intervals, with the lowest quintile as the reference group. We adjusted for the following potential confounders: total energy intake (continuous variable); body mass index, calculated as weight in kilograms divided by height in meters squared (<25, 25-29, and 30); educational level (<8, 8-10, and >10 years); smoking status Provide initial estimate of the number of factors to retain.
Cross-validate to decide the cut-level for the cluster tree. Do TT, and decide the number of factors to retain from their variances.
Final TT
Repeat at ±3 cut-levels of the chosen one.
Subsample to assess factor stability. (never, former, and currently smoking 1-14, 15-24, or 25 g tobacco/day); leisure-time physical activity (<3.5 and 3.5 hours/week); and history of hypertension (yes, no, and do not know). Two-sided tests for trend were calculated by entering quintile levels of exposure as a continuous ordinal variable in the Cox regression model. A P value less than 0.05 was considered statistically significant. Akaike's Information Criterion was used to compare the relative fit of nonnested regression models. R, version 2.10, was used for all analyses (27) . For TT, we used the treelet package for R. An add-on for Stata, version 10, with similar functionality has been developed (28) .
RESULTS
PCA and TT were applied to describe variations in the 42 different food groups (baseline characteristics and food groups are reported in Web Tables 1-3, available at http:// aje.oxfordjournals.org/). Results of the analyses, in the form of plots of factor loadings, are shown in Web Figure 1 . For PCA, 12 factors had a variance >1. To simplify reporting, we used the criteria (7) of a factor variance 1.25. This yielded 7 factors to be retained for further analysis.
For TT, a plot of the cross-validation scores indicated a knee in the graph at level 29 when the number of factors retained was in the range of 4-9 (Web Figure 2) . We cut the cluster tree at this level. To increase comparability with PCA and simplify reporting, the 7 highest-variance factors were retained (8 factors had a variance 1; 5 factors had a variance 1.25). The TT cluster tree is shown in Figure 2 , with the 7 highest-variance factors indicated by numbered nodes; leaves descending from these nodes indicate nonzero loadings in the given factor.
Percentage factor variances are presented in Table 1 . The first 7 PCA factors accounted for 36.9% of the variance versus 31.0% for the first 7 TT factors.
As shown in Web Figure 1 , the structure of factor 1 was similar between PCA and TT (a claim supported by a correlation between scores of 0.98), with both factors characterized by a high intake of red meat in addition to items generally considered healthy (fish, poultry, and fruit and vegetables, excluding potatoes). TT factor 2 was characterized by a high intake of eggs and refined foods (mayonnaises, processed meat, margarines, sugar/honey, butter, and refined cereals). PCA factor 2 was more composite; it appeared to be a contrast of the intake of tea, wine, and selected vegetables (fruity vegetables, leafy vegetables, cabbages, legumes, and other root vegetables) seen in TT factor 3, with the same intake of soy, red meat, and the other foods seen in the TT factor 2. The correlation between scores from TT factor 2 and PCA factor 2 was 0.77. It was less obvious how to characterize PCA factors 3-7, whereas sparsity of TT factor loadings facilitated characterization, either as averages of normalized dietary intakes or as contrasts between 2 groups of normalized dietary intake.
Correlations between scores of the Procrustean-rotated 7 PCA factors and the original TT scores were 0.99, 0.91, 0.92, 0.90, 0.85, 0.64, and 0.48 (factor loadings shown in Web Figure 3) .
Stability analyses are reported in Table 2 . For PCA, the numerically large correlations for factors 1-5 indicated stability, whereas factors 6 and 7 seemed less stable. Similarly, the TT solution was stable for factors 1-6, which appeared in over 90% of the subsampling repetitions. TT factor 7 appeared in only 55% of the subsampling repetitions, competing primarily with a pattern contrasting refined cereals and butter with the remaining elements of factor 2 and appearing in 40% of bootstrap repetitions.
TT analyses at cut-levels 26 and 31 (2963) produced similar factors to those discussed, although with slightly different ordering. TT factor 7 was replaced with a factor loading solely on refined cereals and butter, confirming the instability of this factor discovered through the stability analyses.
Associations between dietary patterns and risk of MI
During a median follow-up time of 11.9 years, we identified 1,523 incident cases of MI. Hazard ratios for MI by quintiles of factor scores, adjusted for confounders, are presented in Table 3 . Unless otherwise mentioned, results are from these adjusted analyses.
Correlations between TT factor scores were modest (<0.15), except for the scores of factors 2 and 3 (correlation ¼ 0.27). These low correlations justified univariate regression analysis on TT factor scores, as is conventionally done for the uncorrelated PCA factor scores.
Both PCA and TT factor 2 were positively associated with risk of MI. Similarly, PCA factor 3 was associated with risk of MI. We hypothesized that the association for PCA factor 3 was attributable to the large negative loadings on alcohol (beer, wine, and spirits/brandy). Indeed, when loadings for alcoholic beverages were set to zero for this factor, the association vanished. This suggested that PCA factor 3 conveyed some of the same information as TT factor 7. Lastly, PCA factor 5, with large loadings on fish and beer, was associated with risk of MI. This factor was not rediscovered among the TT factors.
In crude analyses (Web Table 4 ), PCA factor 1 and TT factor 3 had a strong positive association with risk of MI, whereas for TT factor 1, a strong negative association Abbreviations: CI, confidence interval; HR, hazard ratio. a Hazard ratios were adjusted for total energy intake (continuous variable), body mass index (weight in kilograms divided by height in meters squared) (<25, 25-29, and 30), educational level (<8, 8-10, and >10 years), smoking status (never, former, and current smoker of 1-14, 15-24, or 25 g tobacco/day), leisure-time physical activity (<3.5 and 3.5 hours/week), and history of hypertension (yes, no, and do not know). was observed. The weak adjusted association between PCA factor 5 and risk of MI was not apparent in crude analyses.
We constructed 2 Cox regression models that included confounding variables, so that the first model included score quintiles of all 7 factors from PCA and the second model included score quintiles of all 7 factors from TT. The model for PCA gave an Akaike's Information Criterion value of 478 versus a value of 486 in the model for TT. Hence, there was negligible difference in overall goodness of fit between PCA and TT factors as predictors of risk of MI.
DISCUSSION
The use of PCA and related dimension-reduction methods in the field of nutritional epidemiology remains controversial. Critics point to the questionable biologic relevance of mathematical factors, the poor generalizability of exploratory techniques, and specific technical issues (24, 29) . Key points in the latter category pertain to the challenge of interpreting factors, the subjectivity inherent in deciding which factor loadings to report, and the use of arbitrary posthoc factor rotations.
In this article, TT has been proposed as a method to address these technical shortcomings of PCA. TT combines ideas from cluster analysis with those of PCA. It endows the collection of variables under study with both a hierarchical grouping structure and a collection of factors with loading sparsity patterns that reflect the grouping structure. The hierarchical grouping of variables distinguishes TT from another recent statistical technique, sparse PCA (30), which yields sparse loadings but in a more black-box manner. TT is more akin to techniques proposed to study gene expressions (31) , where factors result by averaging variables on a preconstructed cluster tree.
In a study of dietary patterns and risk of MI among middle-aged men in a large Danish cohort, we demonstrated that TT may offer several advantages over PCA. TT identified a similar number of factors responsible for the main variation in dietary intake, explaining almost as much variation as the factors derived from PCA. A key property of TT is its multiscale nature, which leads to sparse loadings and enables detection of localized sources of variation in the data. In the present study, TT identified a factor loading solely on refined foods and eggs, factor 2, and a factor loading on alcoholic beverages, factor 7. Both factors were associated with risk of MI. Refined foods were also identified by PCA as a positive risk factor for MI and alcoholic beverages were identified as a negative risk factor (factors 2 and 3), but their interpretation was complicated by the many nonzero loadings. PCA identified an additional risk factor, factor 5, that was not recognizable among TT factors. However, its complex loading pattern rendered interpretation challenging.
The associations found in the present study were comparable to what has been observed elsewhere. Except for the large loading on red meat, both PCA and TT factor 1 resembled a typical prudent pattern, which has been shown to be associated with lower cardiovascular disease risk in some other studies (5, 9, 32, 33) , but not in all (34, 35) . In the present study, however, these factors were not linked to the risk of MI after adjustment for confounders. The TT factor 2 bore similarities to a typical Western pattern, which has been linked to increased risk of cardiovascular disease (5, 32, 33, 35) .
As a contribution to the literature on dietary patterns and disease risk, strengths of the present study included the large sample size, the prospective design, the use of validated questionnaires, and the high quality of follow-up. Differential recall and selection bias were thus unlikely to have had a major effect on our findings. The main limitation of the study was the possibility of residual confounding, particularly in relation to physical activity and socioeconomic status. Confounding from other MI risk factors not taken into account remains a possible explanation for the observed associations.
Factor rotation is commonly used to simplify interpretation of PCA-based dietary patterns. In the present study, large correlations between scores for the first 5 Procrustesrotated PCA factors and their TT counterparts suggested that a post-hoc rotation of PCA might be able to approximate the more easily interpretable TT factors. However, PCA factor rotation is a controversial procedure with no theoretical support; it requires several arbitrary decisions with a potentially large impact on the final solution. In addition, it destroys key properties of PCA (36) (37) (38) . In contrast, TT is able to automatically untangle the data complexity, essentially by providing localization to the global information conveyed by PCA factors. In fact, the agreement in the Procrustes analysis suggests that one may informally interpret TT as a ''de-noised'' version of PCA.
The sparsity of TT factors may seem an unnatural feature of a dietary pattern. It is important to emphasize that dimension-reduction methods, with their focus on variables, lead to statements about the variance structure among intake variables, not statements about adherences to real-world dietary patterns. Sparse dietary patterns simply convey the data reduction assumption of a distinct block correlation structure (high intrablock, low interblock correlation), an assumption that is clarified graphically by the treelet cluster tree.
Although TT addresses some of the criticisms leveled at PCA, it also has several limitations. The most important limitation is the necessity of deciding a cut-level for the cluster tree before factors can be extracted. This represents a model selection problem similar to the problem of selecting the number of clusters in a cluster analysis (4) . The cutlevel may influence both sparsity and composition of the factors; it can be selected using cross-validation. There will typically be a range of different cut-levels that lead to similar fits, but with slightly different factor compositions. Although discouraging, this Rashomon effect is probably a more truthful account of our actual state of knowledge than is PCA, in which model selection is done post-hoc and less explicitly. The inconclusivity can be handled proactively by performing TT at several cut-levels. Likewise, factor composition may be sensitive to perturbations in the data, reflecting instabilities in the cluster tree. We assessed the stability of factors and the cluster tree simultaneously by subsampling loading sign patterns, an approach that resembles techniques from cluster analysis (39) . We found an unusually high degree of stability in TT; in our experience, it is more common to see patterns differing on 1 or 0 variables compete in stability analyses, as was also seen for TT factor 7. Lastly, it must be stressed that TT factor scores have nonzero correlation, an issue of which one should be aware when fitting regression models to factor scores. Also, TT may not always be appropriate; it is designed to perform well primarily for collections of variables that exhibit a distinct block structure and with a simple interblock correlation structure (11) .
In conclusion, we believe TT will be useful in future studies of dietary patterns, as well as epidemiologic studies of more complex and novel data such as dietary fatty acids, patterns among interrelated biomarkers, and ''omics'' data, such as genomic, proteomic, and lipidomic data sets. TT is one example from the growing array of sparse estimation methods that are promising for epidemiologic research in general, providing generic frameworks for model selection in a multidimensional setting and leading to more interpretable models with the potential for greater insight into disease etiology. Supervised sparse estimation methods, which take into account an outcome variable when deriving patterns, would seem a particularly promising addition to the epidemiologist's toolbox. Their scope and proper use within epidemiology is an important future research topic.
